Abstract-Indoor positioning is recognized as one of the upcoming major applications which can be used in wide variety of applications such as indoor navigation and enterprise asset tracking. The significance of localization in indoor environments have made the use of Wi-Fi based indoor positioning so that it can utilize available current wireless infrastructure and perform positioning very easily. In this paper we introduced a user friendly prototype for Wi-Fi based indoor positioning system where a user can identify its own position in indoor. Wi-Fi received signal strength (RSS) fluctuations over time introduce incorrect positioning. To minimize the fluctuation of RSS, we developed Particle Filters with the prototype. A comparison between with and without Particle Filter for error performance is presented and at the same time it is also noticed that variation in number of particles could change the positioning accuracy. Moreover comparison between calibration data in all directions and in one direction while constructing a radio map is presented.
I. INTRODUCTION
Today location awareness is becoming very important to all of us. Our daily lifestyle demands multitude of location based applications. Depending on demand there are many applications those have different features. Indoor positioning has location awareness issues in indoor environments e.g. inside a building or shopping mall or hospital or library and so on. When we talk about indoor positioning, we pre-assumed that asset or user is in indoor environments. If not then user or asset is outside. An interesting statistics is found that people spend 80-90% of their time in indoor and 70% cellular calls and 80% data connections are originated from indoor [2] . It motivates us to find a suitable solution for indoor positioning.
II. WHY WI-FI BASED INDOOR POSITIONING ?
Nowadays, the available location aware services are provided by mobile phones, based on GPS. Although GPS has a very high signal level degradation which makes it unsuitable for indoor environments but it is popular for outdoor environments because of excellent performance. Right now every smart phones contain Wireless LAN interface where a user can connect to a network in a regular fashion from available access point(Wi-Fi hotspot). So Wi-Fi based indoor positioning is a technique that can use current available Wireless LAN infrastructure to solve the problem of positioning issues in indoor environment.
III. CHARACTERISTICS OF WI-FI IN INDOOR

ENVIRONMENT
According to the FCC regulation WLAN should operate at very low power level (1 watt or 30 dBm). After penetrating into a 25 cm concrete wall, 16.61 dBm signal attenuates which is sufficient to degrade the positioning accuracy [3] . While holding a mobile phone, a user itself can act as an obstacle between mobile phone and APs. As a result signal may drop 10-15 dBm which is 14-21% of total effective signal strengths [1] . In indoor, RF signal is affected by multipath propagation. As a result shadowing and fading are occured which degrade the positioning accuracy. At presence of user where APs are placed at about 7m apart, can change the standard deviation of received signal strength from 0.68 dBm (without presence of user) to 3 dBm [4] .
IV. POSITIONING TECHNIQUE RSS (received signal strength) fingerprint based positioning is prominent for Wi-Fi based indoor positioning systems. In this approach the first phase is called off-line phase where received signal is captured at different locations and stored in a database against the position. The total area is divided into small boxes which are called grids where the measurement is taken for every grid. Once the total area is inspected for RSS fingerprinting, then the off-line phase is completed. Now the second phase is called: on-line phase, where the current captured RSS value is used to match with the stored RSS value (placed in a database) and for the position that it gets best match is considered as a current position.
V. MATCHING ALGORITHM RSS is matched with suitable neighbour in the database in a manner that is governed by least Euclidean distance between current RSS and grid fingerprints during the online phase . For an example during off-line phase the RSS fingerprint is stored in a database like in Table I Let's say, current captured RSS fingerprint is: CRSS = {AP 1, AP 2, AP 3, AP 4} = {80, 82, 80, 82, 59} during online phase. Now squared Euclidean distance is taken in account to find least euclidean distance using Equation 1 .
. That is the minimum Euclidean distance. So Grid 2 is the current location of the user.
VI. LIMITATIONS
The mentioned straight forward technique can not bring error free positioning . This leads the unusual leapfrog of Wi-Fi RSS which miss-guides to find the correct location. This is because, Wi-Fi signal is very much susceptible to multipath fading in indoor. Moreover in indoor there are very large number of obstacles are placed randomly where there is a very high probability of Wi-Fi RSS fluctuation. To overcome this leapfrog nature of Wi-Fi, a probabilistic approach is necessary so that current location can be detected based on measured value and prediction. Filtering can provide a better accuracy and thus we are interested to apply the Particle Filter for positioning.
VII. WHY PARTICLE FILTERS?
Signal level fluctuation is a natural behavior of Wi-Fi. Wi-Fi connectivity has unpredictable propagation in indoor environments. Most wireless positioning systems suffer from non-linear and non-Gaussian noise due to shadowing and existence of non-line-of-site propagation. Simple RSS based fingerprinting technique for Wi-Fi based indoor positioning can not perform well because of signal leap-frog phenomenon in indoor environments. As a result, it performs incorrect positioning and performs discontinuous trajectory of the movement of an asset within very small amount of time. Average fingerprint of received signal strength from different APs can bring a little improvement of accuracy but it cannot contribute to handle the fluctuation of received signal strength during the on-line phase (positioning phase). The use of Kalman Filter can lead to improve signal leapfrog phenomenon in indoor environments. However it cannot handle to halt to cross the obstacle (invalid trajectory of movement) during on-line phase, because it steps forward based on prediction. Somehow to improve the unrealistic trajectory crossing, a map is needed where the map contains information of the obstacles. Nevertheless this is very hard to implement for Kalman Filter [1] . Now Particle filter is a very adaptive filter which can overcome this problem easily. Besides, particle filter can easily handle non-linearity and non-Gaussian noise [6] . That's why we are interested on Particle Filters for indoor positioning purpose.
VIII. PARTICLE FILTER
The concept of Particle Filter is not very new. Previously, it was mostly used in visual tracking. Because of its attractive features, it is needed for Wi-Fi based indoor positioning systems where other traditional filters cannot fulfill the requirement. When we want to track the trajectory of an asset (human or robot), the measurement(observation) (see Figure 1) is not sufficient enough since it can contain errors. Again if we only rely on prediction of an asset based on previous history (see Figure 2) , it is not practical because there is a big chance of miss-prediction of the asset. Moreover the prediction may be obsolete. If neither absolute prediction nor observation exists then what we can do? In this case combination of both observation and prediction can lead towards a better result (see the Figure 3 ) and Particle Filter also does the same thing. Basically Particle Filter is a probabilistic tracking solution. It can be deliberated as an approximation to Bayesian recursive filtering [6] . In Particle Filter the posterior probability distribution of the current user is calculated and propagated using the set of weight samples [7] . Particle Filter composed of a good number of particles and collection of particles make a particle cloud. Particles are the representative of the traced position. Each particle has its own weight. This weight is responsible to consider a particle to take part into positioning.
IX. PARTICLES STATE ILLUSTRATION
Every time Gaussian noise is added to the position of a particle continuously. Particles are formed based on Monte Carlo simulations where the main idea is to generate random samples from Gaussian probability distribution. Two uniformly distributed U[0, 1] random numbers x 1 and x 2 are generated. These two numbers are passed through the BoxMuller transformation equation so that we can find samples from Gaussian distributions (see the equations below).
A particle is composed of different elements where those elements represent state (s t ). A particle can change its state by changing its weight, position and orientation. A particle at any time t can have maximum weight, W=1; orientation angle, θ = {n|n ∈ (0, 2π)}and position, P = {x, y|x ∈ mapW idth, y ∈ mapHeight} . Like HMM, hidden states and observation states are available in Particle Filter where hidden state is represented by particle's state and observation state is represented by observed received signal strength for positioning as shown in figure 5 where a state at time k is denoted by s k and observation state is denoted by o k . 
X. MOTION MODEL: PARTICLES MOTION ILLUSTRATION
Particles follow the motion model to change their state when it is needed. In motion model, particles can change their state by changing positions and orientations. A particle's current orientation, next orientation and changes in orientation are denoted by θ t , θ t+1 , δθ t+1 respectively. Probability of next orientation of a particle when current orientation is true can be denoted by P (θ t+1 |θ t ) and can be determined based on δθ t+1 . δθ t+1 can be earned by sampling from Gaussian probability distribution N 0, σ 2 θ where σ 2 θ represents variance of motion errors [7] . Now a particle's current position, next position and change in position are denoted by P t , P t+1 , δP t+1 respectively, where P t = {x t , y t } , P t+1 = {x t+1 , y t+1 }.
Here δD represents the displacement of a particle (see, Figure 6 ) in motion model can be obtained by sampling from a Gaussian Distribution N μ D , σ 2 D [7] .
XI. OBSERVATION MODEL: PARTICLES UPDATE
ILLUSTRATION
Now let's say we have a set of collected observations from time 1 to t that can be denoted as o 1:t . Now prior 
But in practical it is imposible to calculate exact posterior pdf P r[s t |o 1:t ], but it can be approximated. When there are large number of particles then pdf can be incorporated to [5] :
Now received signal strength plays a vital role for WiFi based indoor positioning system. Observation Model is followed by Particle Filter. Observation model describes the probability of observation at different places when particles current state information is available and at that time Wi-Fi received signal strength is also taken into account to find out any necessary correction of states. Probability of observation or measurement at time t when current state of a particle is known can be denoted by P r [o t |s t ] and can be defined as follows:
Where P ot represents the position after observation that can be returned from fingerprint database when least Euclidean distance for RSS is calculated, P sn represents the position of the nth particle and σ denotes variance of measurement. Actually small value of σ indicates small variations of positions for different particles at the same position and small σ leads to small correction in movement for different particles.
XII. WORKING STEPS OF PARTICLE FILTER FOR
POSITIONING
Particle Filter follows the following steps:
Step 1: Particles are generated by sampling from the Gaussian probability distribution and finally formed particle cloud. Average position of particle cloud points the actual position. The weights of all particles are normalized so that sum of all particles weight is equal to 1.
Step 2: All particles are followed by the motion model where states of particles are predicted.
Step 3: All particles are followed by the observation model where particles movement are corrected. Then the weights of particles are normalized to 1.
Step 4: If weight of any particle is below the threshold then it needs a re-sample again like Step 1.
Step 5: Go to Step 2 and continue the motion model and follow afterwards .
XIII. PERFORMANCE EVALUATION OF THE PROTOTYPE
We developed a user friendly prototype for Wi-Fi based indoor positioning. The prototype can easily be run from a Windows PC or a Laptop with .NET environment. Using this prototype a user can pinpoint its location in indoor.
XIV. EXPERIMENTAL AREA
We performed experiments on passage of ground floor of Tieto Sweden AB in Luleå, Sweden. The area of test-bed is near around 400 m 2 (see Figure 7 ). There are 4 access points are placed on the testbed where all of those access points can be easily sensed by WiFi users. We used NETGEAR N150 Wireless Router as an access point. It supports IEEE 802.11 b/g/n standards and works on 2.4 GHz frequency band. Apart from 4 APs, some APs are detected through scan where some of those are placed in different floors in this building and some are from neighbouring buildings. But these APs are not considered for positioning because they are unstable. So during the off-line phase, 4 APs are selected to construct calibration data. During on-line phase the positioning is performed based on 4 APs. The measurements are taken at non working hours where in absence of people makes it as a static environment. Now for this testbed the user having a device (PC) with wireless card is performed measurement as well as positioning work. In total 51 calibration points are used to represent calibrated data and calibration points are placed at about 1m spaced to each neighbouring point. Each calibration point is taken in 4 directions like up, down, left and right directions and as well as taken in only one direction separately.
And during off-line phase for each point the scan is continued until the 4 APs are available at the same time and after that for that point RSS is averaged for each AP. The maximum recorded RSS is 0 dbm and minimum is -89 dbm and after averaging it's maximum is -27 dbm and minimum is -82.8 dbm. Now during the online phase which means positioning phase where the user moved in straight direction from starting point to end point (yellow coloured line in Figure 8 ) with a normal walking velocity. So yellow colored line represents true path of movement, the red man icon says the current position of user using Wi-Fi RSS fingerprint method and black pin indicates positioning when we applied Particle Filter and the blue dots represent particles where total number of particles are formed a particle cloud. Particle Filter performed positioning which is the mean position of particles in a cloud. The prototype updates user location in every 2 seconds. It has been observed that calibration data in 4 directions has a better result comparing with calibration data in one direction because little change in orientation of Wi-Fi user can result RSS fluctuation (see Table II ). On the other hand, constructing calibration data in 4 directions requires more times comparing with one direction. Now if we reduce one AP from available APs that means in total 3 APs and perform positioning for that then it performs worse comparing with 4 APs (see figure 9 and 10) as 3 APs result a mean distance error of 4.32 m where 4 APs result a mean distance error of 2.41m (see Table II ). Now RSS fingerprint method without Particle Filter doesn't perform well, since it fluctuates abruptly which results error in distance. Table II : Distribution information of distance error in meters for different cases.
Again positioning accuracy also depends on number of particles (N) generation. Here we found for N=400, 600 particles gives better accuracy comparing to N=100, 300, 800 and N=600 is the best (see Figure 11 ,12 and Table III ). Table III : Distribution information of distance error in meters for varying number of particles in Particle Filter.
XV. CONCLUSION
The necessity of PF (Particle Filter) is properly investigated through experiment that we described above. Based on experiment we can conclude that PF can bring noticeable improvement relative to stand-alone Wi-Fi based indoor positioning method during the positioning time. The selection of number of particles is also an important matter. Best performance is achieved at N = 600 although it needs computational delay. On the other hand generation of calibration data is also a vital factor, during off-line phase. Our experiment suggested that in order to get a good accuracy, calibration data should be constructed into four directions.
Our future study will be to conduct experiment and observe the error, after the aggregation of digital compass with this PF. In addition we are also interested to perform investigation of Voroni Filter to find how it can contribute to minimize the error for our prototype.
